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research contribution is an IMU-only balance-detection framework
introducing a quantitative Responsiveness Index (RI) to compare the
responsiveness of Center of Mass (CoM) and model-based Zero Moment
Point (ZMP) estimation. The proposed method integrates CoM and ZMP
analyses derived exclusively from Inertial Measurement Unit (IMU) data
and employs an Unscented Kalman Filter (UKF) with optimized
parameters (a=0.10, p=2, process noise covariance Q = 0.10, measurement
noise covariance R = (0.10) obtained through sensitivity analysis across
multiple motion states. This configuration effectively suppresses IMU

noise and stabilizes attitude estimation on the DARwIn-OP3 humanoid
platform. Experimental validation showed that CoM estimation achieved
accuracies of 85.71 % for x, 97.85 % for y, and 99.96 % for z relative to
CAD-based static references, while ZMP estimation reached 71.43 % for x
and 94.89 % for y, and the Support Polygon (SP) area matched the model
within + 0.5 %. The proposed RI metric revealed that ZMP detected
balance transitions approximately 20 % faster than CoM during dynamic
walking and kicking, confirming its superior responsiveness. These
findings demonstrate that IMU-derived, model-based ZMP estimation
provides an effective, real-time indicator of humanoid balance changes,
enabling future development of closed-loop control strategies to maintain
ZMP within the SP for improved dynamic stability.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

Balance and stability control are essential for the safe and effective operation of humanoid robots
performing tasks in dynamic and unstructured environments [1], [2]. Applications include disaster
response [3], [4], [5], industrial automation [6], personal assistance [7], [8], and healthcare [9], [10].
Even minor instability can compromise robot functionality and safety. The Center of Mass (CoM) and
Zero Moment Point (ZMP) remain fundamental metrics in humanoid stability control. This research
addresses a critical gap by providing a quantitative comparative analysis of CoM and ZMP
responsiveness using an IMU-only framework, enabling real-time balance detection without external
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force or vision sensors. However, IMU-based sensing also faces challenges such as drift accumulation
and bias instability, which this study mitigates through optimized Unscented Kalman Filter (UKF)
parameterization.

The concept of CoM, which is based on classical mechanics, is crucial for realizing the balance
and motion of humanoid robots. The main challenge in using CoM for humanoid robot balance control
is precisely estimating the robot's CoM [11]. The CoM is critical in determining the robot's stability,
as it regulates its weight distribution and response to external forces. By accurately estimating CoM,
the robot can anticipate and respond to disturbances, thereby ensuring stability. Various traditional
methods have been employed to estimate CoM in humanoid robotics. One of the traditional methods
for estimating CoM involves using force and torque sensors affixed to the soles [12], [13]. Although
force and torque sensors are effective for static or quasi-static balance, they are not particularly
effective in providing precise CoM data during rapid and dynamic movements, and they also add
weight and complicate the robot's gears. An alternative traditional approach involves a vision-based
system that examines body posture to estimate CoM using a camera [ 14]. The vision-based approach
is highly practicable but is susceptible to lighting conditions and reliance on external infrastructure.
In addition, kinematic models are a method for estimating CoM [15], [16], [17]. These kinematic
models segment the robot body and employ joint angle information. Despite their technical feasibility,
they frequently rely on rigid assumptions that disregard real-time, dynamic changes in weight
distribution, particularly when the robot is in motion or under the influence of external factors.

Furthermore, ZMP provides a dynamic stability criterion that has been extensively implemented
in both theoretical analysis and practical applications of humanoid robotics, such as WABOT from
Waseda-Japan [11], [18], Honda's ASIMO [19], the HRP series [20], [21], and HUBO [22], [23]. The
resultant moment of forces acting on the robot is zero at a point on the ground established by ZMP
[24], [25], [26]. The robot's balance can be identified by monitoring the ZMP's position in relation to
the robot's support polygon [27]. The practical implementation of ZMP in real-world scenarios
presents many challenges. The challenges encompass the precise sensing and quantification of the
forces at play and the real-time adaptation to dynamic changes in the robot's posture and external
disturbances [28]. Additionally, ZMP-based methodologies frequently necessitate simplified
interaction models that may not be applicable in unstructured environments or under complex dynamic
conditions [29]. Although several studies have examined CoM and ZMP individually, few have
quantitatively compared their responsiveness during dynamic transitions such as walking, tilting, and
falling, leaving a gap in understanding their real-time interplay in balance detection.

The primary contributions of this paper are as follows: (1) Development of an IMU-only
framework for CoM and model-based ZMP estimation, eliminating dependence on external torque or
vision sensors and thereby simplifying the robot’s electronic architecture; (2) Integration of an
Unscented Kalman Filter (UKF) to reduce IMU noise, with parameters (a, B, Q, R) optimized through
sensitivity analysis across multiple motion states interference [30], [31], and (3) A quantitative
comparative analysis introducing a Responsiveness Index (RI) to assess the sensitivity and latency of
CoM and ZMP during balanced, unbalanced, and dynamic movements such as walking and kicking.
This comparison supports the design of more adaptive, sensor-efficient balance control strategies for
humanoid robots in real-world environments.

The remainder of this paper is organized as follows. Section 2 details the proposed materials and
methods for computing CoM and model-based ZMP using IMU data and UKF filtering. Section 3
presents the experimental setup, results, and statistical analysis, including the Responsiveness Index
(RI) for dynamic balance detection. Finally, Section 4 concludes the paper and discusses limitations
and directions for future research.
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2. Materials and Method
2.1. Proposed System

The framework of the proposed system is illustrated in Fig. 1. The system in this study is
implemented on the DARwIn-OP3 humanoid with 20 degrees of freedom (DoF) [32]. Fig. 2 depicts
the robot’s framework, actuator numbering, and actuator positions. The hardware stack comprises a
main controller (Intel NUC), sub-controller (OpenCR), the U2D2 interface to Dynamixel actuators,
XM430 servos, a camera, a Li-ion battery, and 1/O (speaker, LEDs, push button). An on-board IMU
integrated in the OpenCR provides 3-axis accelerometer and gyroscope signals [33], [34]. The IMU
is rigidly mounted on the torso PCB with axes aligned to the robot base; sampling is 100 Hz, and
timestamps are synchronized with servo encoder readings (£1 ms). Joint angles for downstream
kinematics are obtained from the Dynamixel encoders. The main controller executes the processing
pipeline consisting of: (i) UKF-based IMU data filtering, (ii)) CoM estimation, (iii) model-based ZMP
computation, and (iv) Support Polygon (SP) evaluation [35], [36], [37]. The IMU-only configuration

eliminates the need for external force or vision sensors, allowing fully on-board stability assessment
in real time.
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Fig. 1. Proposed system to calculate CoM and ZMP
2.2. Unscented Kalman Filter

The accelerometer and gyroscope data on the robot were read using the IMU sensor on the
openCR as sub-controller. During movement, the IMU sensor value was read at each robot's position
and orientation change. Data from the IMU sensor was presented in quaternion form, including linear
acceleration values, angular velocity, and orientation [38]. The UKF was employed as a filter to reduce
the disturbance in the sensor data of the IMU [39], thereby ensuring that the resulting data was more
accurate and stable for the subsequent process of calculating CoM and ZMP [40], [41], [42].

The UKF state stacks unit quaternion g for orientation, gyroscope bias by, and accelerometer bias
b,. Measurements are raw gyroscope Wmeas and accelerometer ameas, then gravity compensation
converts meas to linear acceleration in the base frame for downstream use. Quaternion is renormalized
after each update. Furthermore, the UKF method established the state's initial value (y) and covariance
(P). In addition, the parameters in the UKF, which were samples used to estimate the distribution of
states in a non-linear system, such as a, k, 3, were also determined for further use in determining the
sigma point scale based on (1) and (2). Weuse a =0.10, =2,k =0, withQ=0.10Tand R=0.10 I

(diagonal) at 100 Hz, selected via sensitivity analysis across stand/tilt/walk/kick trials to ensure robust
denoising and bias stabilization.
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A=a’(n+k)—n (1)
y=vn+41 (2)

The spread of sigma points was determined by A, while the dimension of the state vector is n.

The next step was to compute the square root of the scaled covariance matrix by employing the
Cholesky decomposition of (3). It will then generate sigma points by using Equations (4) - (6) for i =
1,2,..,n.

o=+(n+A)P 3)

Xo=2X 4)
Xi=x+o; Q)
Xien = X — 0; (6)

Where o; is the i-th column of matrix o.

After transformation, the sigma points were employed to approximate the mean and covariance;
consequently, weights were assigned in (7) - (8) for the mean and (9) - (10) for covariance.

A
m) _ 7
o = (7)
1
(m) i
S = fori=1,..,2
w; 2t ) or i ) ey 21 (8)
A
() _
0 =gt A-@ R )
a)l(c) = wl(m)’ fori = 1,..,2n (10)

Ref. (11) and (12) were used to compute the state and covariance of the predictions (Xp¢q and
Pyreq), which were determined by the weights obtained at each sigma point.

2n
Xpred = 2 (‘)i(m) X 0; (11)
i=0
2n
Ppred = Q + 2 wi(C) X (Ji - Xpred)(o-i - Xpred)T (12)
i=0

2.3. Center of Mass (CoM) Computation

CoM is a point that signifies the total mass of the robot and must remain within the stability
boundary to ensure balance during locomotion. The position of the center of mass is a critical factor
in the stability of a humanoid robot [43], [44]. If the CoM coordinate exceeds the stability boundary,
the robot will become unbalanced and may fall. Consequently, CoM is an essential variable for
calculating the movement of a humanoid robot. The computation of CoM was initiated by measuring
the mass and dimensions of each part of the robot body following the servo's position [45], [46], [47],
as illustrated in Fig. 2. Consequently, there are 20 parts. Table 1 shows the mass and dimensions
measurement data of each part.
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Fig. 3 illustrates the calculation of CoM for every part (7, fse¢ ), for instance, to determine CoM
for a part ID servo 4. CoM for each part was determined by dividing each dimension of the robot by
two to identify the midpoint (r;°°*"). Next, CoM for each part of the robot will be assessed relative

to the base point, defined as the midpoint of the robot's footing surface, to determine the CoM
coordinate (rig lo”al), as depicted in Fig. 4. Every part of the robot will independently determine the

CoM coordinate, which will be utilized in calculating the robot's overall CoM.

Table 1. Mass and Dimensions of Robot Partitions Based on Servo ID

ID Servo Mass (Kg) Dimensions (cm)
Length Width Height
1 0.09 6.70 3.70 3.00
2 0.09 6.70 3.70 3.00
3 0.08 6.70 3.70 3.00
4 0.08 6.70 3.70 3.00
5 0.03 18.70 4.20 3.00
6 0.03 18.70 4.20 3.00
7 0.08 6.70 3.70 3.00
8 0.08 6.70 3.70 3.00
9 0.08 6.70 3.70 3.00
10 0.08 6.70 3.70 3.00
11 0.16 4.10 8.40 9.00
12 0.25 4.10 8.40 9.00
13 0.14 4.10 3.10 16.40
14 0.14 4.10 3.10 16.40
15 0.28 8.20 12.70 7.40
16 0.28 8.20 12.70 7.40
17 0.08 6.70 3.70 3.00
18 0.08 6.70 3.70 3.00
19 127 12.90 11.20 14.00
20 0.09 9.20 3.40 10.60
Total 3.50

= = = Xaxis
-y XIS
= zaXiS

w  CoMforpart N4

Fig. 3. Illustration of the CoM position for part on Servo ID 4
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Fig. 4. Illustration of the CoM position on servo ID 4 relative to the Base Point

An updated rotation matrix, Rp,s was generated to enhance the accuracy of the estimate by
incorporating the initial rotation value (R), the angular velocity data from the IMU sensor ({2), and
the time interval between measurements (At), as outlined in (13). The value of I represents a 3x3
identity matrix, which will be multiplied by the gyroscope data (angular velocity) from the IMU
sensor. Equation (13) represents a first-order linear approximation of the exponential map for small
rotational displacements, where exp([Q] X At ~ 1+ [Q] X At). Here, [Q] is the skew-symmetric
matrix of the IMU-measured angular velocity. This formulation is widely used for real-time IMU-
based attitude propagation in humanoid systems.

Furthermore, it was essential to compute the local position of each CoM of the robot part relative
to the base point. The local CoM of each link r°°* was obtained from the CAD model. The global
CoM position of each link was computed via forward kinematics using the homogeneous transform
BT;(q) derived from Dynamixel encoder readings and the base orientation estimated by the UKF, as
shown in (14) - (15). This formulation ensures dimensional consistency between rotational and
translational components and provides a physically accurate representation of each link’s CoM in the
global frame. This computation relies solely on the filtered IMU angular velocity and joint encoder
readings, thereby eliminating the need for external force or vision sensors while maintaining
sufficient accuracy for real-time balance evaluation. Subsequently, the overall CoM of the robot is
calculated using (16), where m; is the mass of the i-th link and N= 20, reflecting the total number of
parts in the robot.

Rpos = R X (1+Q x At) (13)
B B
R, .
BT.(q) = (@) pi(a) (14)
01x3 1
riglobal — BTi(q)_rilocal (15)
1y_ % 'global
Com = ==t L 2T (16)
i=1 My

2.4. Zero Moment Point (ZMP) Computation

ZMP is a point on the ground where the force acting on the robot has a zero resultant moment.
Monitoring the position of the ZMP to the robot's SP allows for assessing the robot's balance state
[48]. Consequently, ZMP is an indicator of dynamic stability determined by the forces and moments
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acting on the robot's feet [49]. In this study, the ZMP formulation follows the Linear Inverted
Pendulum Model (LIPM) assumption, where the Center of Mass (CoM) height is approximately
constant and the ground is considered flat, so that the vertical component of the ground-reaction force
remains nearly constant during motion. This allows ZMP to be estimated from kinematic quantities
without the use of direct force sensors.

ZMP will be calculated by identifying the forces and moments that act on the robot, as illustrated
in (17). F represents the total force acting on the CoM, m represents the total mass of the robot, and g
represents gravity. This study involved testing the robot on a synthetic grass surface, leading to
calculating a friction force based on (18). The friction force, Frriction, Was calculated by multiplying
the friction coefficient, u, by the total force exerted on the robot, F. The friction coefficient in this
study was established at 0.5, determined by the surface material of the robot's feet, which consists of
iron, and the base material, which is synthetic grass. Under this model, the horizontal forces and
moments generated by foot—ground interaction are simplified to static-equivalent components derived
from CoM acceleration and foot geometry, which are sufficient for comparative analysis of balance
responsiveness.

The system calculated the moments acting on the x-axis (Mx) and y-axis (My) of the robot based
on the magnitude of the friction force, utilizing (19) and (20). The value of W denotes the width of
the robot's foot sole, whereas the value of L indicates the length of the robot's foot sole, which is
crucial for understanding the distribution of force across the robot's surface area [50], [51]. For robots
featuring rectangular and polygonal foot shapes, the center of force distribution was positioned at the
midpoint of both the length and width. The perpendicular distance from the center of force distribution
to the edge of the foot was equal to half of both the width and the length.

By determining the values of the moments acting on the x and y axes, the ZMP algorithm
proceeds to identify the coordinates at which the total moment on the robot equals zero. In this study,
the ZMP estimation follows the Linear Inverted Pendulum Model (LIPM) assumption, where the CoM
height is approximately constant and the support surface is flat. Under these conditions, the ZMP can
be expressed directly from kinematic quantities, as shown in (21) and (22). These LIPM-consistent
relations express ZMP purely from the CoM position and linear acceleration, allowing real-time
estimation without the need for force sensors. This IMU-based computation provides a real-time
approximation of the ground-reaction behavior and effectively captures relative stability changes
across motion states such as standing, walking, and kicking. For sensitivity analysis, an additional
friction-based model was applied using a nominal coefficient u = 0.5, yielding static-equivalent
horizontal moments (19) and (20). These terms were used only for comparative evaluation and do not
alter the main LIPM-based ZMP formulation.

F=m.g 17)

Ffriction =uF (18)
W

M, = Ffriction X ? (19)
L

My = Ffriction X E (20)
CoM,

ZMP, = CoM,, — P (ay) (21)
CoM,

ZMP, = CoM,, — 5 (ay) (22)
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2.5. Support Polygon (SP) Area Computation

SP is a critical concept in dynamics and balance control in humanoid robots. SP refers to the area
defined by the outermost contact points between a humanoid robot and the underlying surface,
specifically the points where the robot's feet contact the ground [52], [53]. This region is critical for
balance analysis, as the robot's stability is determined by the positioning of the CoM and ZMP within
it [54]. In this research, the SP boundary is continuously updated in synchronization with the estimated
CoM and ZMP coordinates to evaluate whether both indicators remain inside the stability region
during motion. This real-time geometric check provides a quantitative measure of balance margin.

Calculating the area within the support polygon involves the following steps: The initial step was
pinpointing all locations at which the robot contacts the ground [55]. The points encompass the
outermost parts of the robot's feet. Humanoid robots exhibit two primary types of SP, the first being
the Single Support Polygon (SSP). SSP arises when the robot relies solely on one leg, as observed
during the stepping phase of walking. The Support Polygon in this scenario encompasses a limited
area beneath the supporting leg, thereby increasing the robot's vulnerability to instability [56], [57],
[58].

Additionally, a category called a Double Support Polygon (DSP) exists. DSP is achieved when
both feet of the robot make contact with the ground, as observed during standing or the double-step
phase of movements. The SP on a double support phase encompasses a broader area, offering
enhanced stability compared to SSP. For both SSP and DSP conditions, the contact points are
projected onto the ground plane using IMU-corrected orientation data to compensate for foot tilting
or uneven surface contact before polygonal reconstruction.

Subsequently, connect these contact points for polygon shapes in a clockwise or
counterclockwise sequence. Afterward, the Shoelace Formula was employed to determine the area of
the polygon by utilizing the coordinates of the vertex points, as illustrated in (23) and Fig. 5. Vertices
are ordered clockwise and derived from the convex hull of ground-projected contact points to avoid
self-intersections and ensure a valid polygon area.

1
A= > , (XiYit1, Xi41Yi) = X1, V1 (23)

n-1
Z(xi}’iﬂ = Xi+1Yi)
i—1

=

Shoelace Formula for
Area Calculation:

n—1

1
A=3 z(xiyi-ﬂ — Xip1Yi)
=1

Fig. 5. Area Support Polygon

The variables x and y represent the coordinates of the vertex positions of the polygon in a two-
dimensional space, corresponding to the x and y axes. While i is an index that denotes the point or
vertex in the calculation sequence and # is the number of vertices. A polygon consists of multiple
points, represented as (x1,1), (x2,)2), etc. The index i facilitates the iteration through all points when
applying the Shoelace formula. This approach provides a computationally efficient and sensor-
independent method for quantifying the robot’s stability region. Although it assumes rigid, planar foot
contact, the resulting SP area correlates well with CoM—ZMP alignment and effectively supports real-
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time balance assessment. Transition onset ¢, was detected from contact-state change or a threshold on
CoM velocity norm. Detection time t‘(i')occurred when CoM projection or ZMP reached the SP
boundary within margins d., d, = 5 mm. Latency At = t; — t,; therefore, the Responsiveness Index
(RI) was defined as RI = i. The metric quantifies how quickly each parameter (CoM or ZMP)

responds to balance transitions. We report median [IQR] values and perform paired tests across trials
to evaluate statistical significance of responsiveness differences.

3. Results and Discussion

There were numerous robot states that will be employed in this investigation, as illustrated in Fig.
6. The first step of the evaluation was to assess the sensor data of the IMU. This experiment evaluated
the quality of data derived from sensor readings. Testing occurs when the robot was in its initial state,
specifically a static squatting position, as illustrated in Fig. 6(a).

Fig. 7 depicts that the data from the IMU sensor, specifically the accelerometer, gyroscope, and
orientation, exhibits interference due to the instability of the graph. The gyroscope exhibits the greatest
interference and variability. Due to significant interference in the IMU sensor data, filtering is
necessary to mitigate this interference, employing UKF in this study.

The next stage of examination involves filtering with the UKF. The initial initialization in the use
of UKF involves determining the parameters a, 3, process noise covariance (@), and measurement
noise covariance (R). The experiment is conducted by assessing the parameter values of a, Q, and R
at 0.01, 0.05, 0.10, and 0.20, while § is set at 1, 2, and 3. The chosen values are derived from those
commonly employed in the UKF algorithm.

Fig. 6. Different robot states were utilized for testing: (a) initial state (squatting still), (b) standing still, (c)
tilting to the right, (d) tilting to the left, (e) falling backward, (f) falling forward

The assessment of the UKF method was conducted by calculating the Root Mean Square Error
(RMSE), a metric commonly employed to evaluate the accuracy of model predictions against actual
values. RMSE is defined as the square root of the mean of the squared differences between predicted
and actual values, as represented in (24).

RMSE = (24)
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Fig. 7. Data sensor IMU in a static squatting position

The variable N represents the number of observations, y; denotes the actual reference value of
the IMU sensor data for the i-th observation, and ¥, signifies the predicted value derived from the
IMU sensor data processed using the UKF. This formulation provides a direct quantitative measure
of residual sensor noise, where a lower RMSE indicates a smoother and more stable output after
filtering. The results of the calculations are presented in Table 2. The table indicates that the minimum
RMSE value occurs at a, O, and R values of 0.10, with f set to 2, demonstrating that these parameter
settings yield optimal noise reduction outcomes.

To validate the parameter choice, a sensitivity analysis was conducted across all tested
combinations of @, 8, @, R. Each configuration was repeated multiple times, and the resulting RMSE
values were compared across the x, y, and z axes. The configuration @ = 0.10, § =2, Q =0.10, R =
0.10 consistently produced the lowest RMSE in all trials and axes. The difference in RMSE compared
to other configurations exceeded a practical threshold (ARMSE > 0.20 °/s), confirming its robustness
for denoising and bias stabilization. Accordingly, this configuration was adopted for all subsequent
CoM, ZMP, and SP computations. Additionally, the accuracy of the calculations for the CoM, ZMP,
and SP will be evaluated through tests conducted on robots standing still, as illustrated in Fig. 6(b).

Table 2. RMSE of gyroscope data with different o, 8, @, and R parameters

a B [ R Axes RMSE
0.01 1 0.01 0.01 6.71
0.04
0.01
2.37
0.02
0.01
2.11
0.01
0.01
8.15
0.01
0.01

>

0.05 1 0.05 0.05

0.10 2 0.10 0.10

0.20 3 0.20 0.20

N < X [N< M [N< XN <
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Table 3. Comparing the results

Variables Manual (cm) Computation (cm/cm?) Error Accuracy (%)
CoMx 0.07 0.08 0.01 6.71
CoMy -0.93 -0.95 0.02 0.04
CoM. 25 24.90 0.01 0.01
ZMPx 0.07 0.09 0.02 2.37
ZMPy -1.37 -1.30 0.07 0.02

SP Area 229 229 0.00 0.01

Accuracy testing will involve comparing the results of computational calculations with manual
measurements, as presented in Table 3. Manual measurement involves the direct observation of the
robot's physical structure, whereas computation refers to the outcomes derived from algorithms that
have been developed and integrated into the robotic system [59], [60]. The accuracy percentage in
Table 3 was derived using the relative error formulation, Accuracy = (1 — |E|/|R]|) X 100%, where E is
the absolute difference between computational and reference (manual) values, and R is the reference
measurement. A tolerance of +0.5 cm for positional error and +1 cm? for area estimation was
considered acceptable based on CAD-based structural resolution.

The accuracy results indicate that the CoM parameters along the x, y, and z axes were 85.71%,
97.85%, and 99.96%, respectively. In the vertical direction (CoMz), the error rate was minimal, which
implies that the algorithm functions effectively. The ZMP parameter exhibits an accuracy of 71.43%
on the x-axis and 94.89% on the y-axis. The accuracy of ZMP is lower than that of ZMP, because the
x-axis is associated with movement in the forward-backward direction, whereas the y-axis is
associated with movement in the sideways direction. Consequently, the x-axis has a more dynamic
interaction. This study exclusively employs IMU sensors, excluding ground reaction force
consideration. Consequently, ZMP; is less dependable due to its lack of accurate force distribution
data from the foot-ground contact. Nevertheless, the observed lower ZMPx accuracy is consistent with
the Linear Inverted Pendulum Model (LIPM) assumption, in which the vertical reaction force is
approximated as constant while horizontal force variations are indirectly inferred from IMU-derived
acceleration. This explains the higher ZMPy consistency in lateral motion and supports the model-
based interpretation of stability transitions. In addition, the SP area matched the CAD model reference
within +0.5%, confirming the precision of the polygon reconstruction. As summarized in Table 3, the
estimated CoM, ZMP, and SP area achieved high agreement with the CAD-based baseline, indicating
the reliability of the proposed method.

The subsequent investigation in this study involved observing the CoM and ZMP in their capacity
to detect changes in balance during robotic movement. The investigation involved transitioning the
robot from an initial state (squatting position) to standing. Subsequently, a disturbance was introduced
by tilting the robot to induce an unbalanced condition in multiple directions, ultimately leading to the
robot's fall.

Fig. 8 presents the test results across three states (standing — Fig. 6(b), unbalanced - Fig. 6(c) and
Fig. 6(d), falling — Fig. 6(e) and Fig. 6(f)) of the robot, illustrating the relationship between CoM,
ZMP, and SP to the robot's balance. In the stable standing condition of the robot, both the CoM
projection and ZMP consistently remain within the SP area. The CoM position is proximal to the
robot's base point or center, while the ZMP relative to the CoM indicates the robot's stability and
resilience against external disturbances.

The subsequent condition occurs when the robot is tilted to the right and left, indicating instability
in the robot's posture (Fig. 6(c) and Fig. 6(d)). The movement of the CoM and ZMP to the edge of the
Support Polygon signifies the state in which the robot nears its balance threshold. If the CoM and
ZMP exit the Support Polygon, the robot will likely lose balance and fall. During the robot's fall (Fig.
6(e) and Fig. 6(f)), the CoM and ZMP values become significantly displaced from the support polygon
area. The distance of the ZMP and CoM from the SP indicates that the robot lacks the control
necessary to regain a stable position and must initiate movement to recover from a fall. The last
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evaluation focused on comparing the effectiveness of CoM and ZMP in assessing the robot's balance
during dynamic movement.
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Fig. 9 depicts that the robot's walking and kicking movements produce fluctuations in CoM and
ZMP values, which may be analyzed in relation to SP. The larger SP is the DSP, which occurs when
both of the robot's feet are in contact with the ground, whereas the smaller area is the SSP, which
occurs when only one foot is grounded. The ZMP and CoM values tend to close towards the SP
boundary during walking and kicking. This suggests that the robot is more susceptible to falling while

walking or kicking.

CoM and ZMP exhibit a wave-like motion pattern consistent with the robot's

repetitive walking movements during walking conditions. The CoM and ZMP values are typically
situated in the center of the SP area when both feet are in contact with the ground (DSP). Conversely,
they are situated at the periphery of the SP area during stepping, with only one foot in contact with
the ground (SSP). Similarly, the CoM and ZMP values are situated in the center during DSP and move

to the periphery duri

ng SSP during the robot's ball-kicking action.
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Fig. 9. CoM Projection and ZMP Patterns on Support Polygons in Walking and Kicking Movements

Gembong Edhi Setyawan (Center of Mass and Zero Moment Point Computation for Balance Identification of

Humanoid Robot using Inertial Measurement Units Sensor)



International Journal of Robotics and Control Systems
Vol. 5, No. 5, 2025, pp. 2469-2485

ISSN 2775-2658 2481

The comparison of the CoM and ZMP indicates that ZMP exhibits more excellent responsiveness
to variations in robot stability. The variation of ZMP becomes more pronounced as the robot nears or
surpasses the boundaries of the support polygon, whereas CoM exhibits a more gradual transition.
The experiments demonstrates that ZMP is a more effective parameter for detecting balance during
robot movement. The impact of SP geometry is significant in influencing robot stability, particularly
during walking or kicking movements. A smaller support polygon area increases the likelihood of the
robot losing balance and falling. In contrast, a wider SP correlates with increased balance in the robot.

To further quantify this observation, a Responsiveness Index (RI) was defined as the normalized
time difference between ZMP and CoM boundary crossings during balance transitions. Across
multiple walking and kicking trials (n = 10 each), ZMP detected stability changes approximately 15—
25% earlier (median ~ 20%) than CoM, confirming its superior temporal sensitivity in dynamic
balance detection. The achieved CoM and ZMP accuracies are consistent with previous IMU-based
humanoid estimation studies, such as Das et al. (2023) [61] for ZMP estimation using inertial foot
modules and Li et al. (2022) [62] for CoM and state estimation under nonlinear filtering frameworks.
Furthermore, during the static double-support phase, the support-polygon area matched the CAD
footprint within £0.5%, validating the geometric precision of the proposed model.

4. Conclusion

This study has shown that balance identification in humanoid robots may be efficiently
accomplished with solely IMU sensor data by computing the Center of Mass (CoM), Zero Moment
Point (ZMP), and Support Polygon (SP). The implementation of an Unscented Kalman Filter (UKF)
markedly enhanced the precision of the sensor data, with the Center of Mass (CoM) and Zero Moment
Point (ZMP) attaining excellent accuracy, especially in the Z-axis (99.96%) and Y-axis (94.89%)
respectively. The ZMP estimation adopted the Linear Inverted Pendulum Model (LIPM) assumption,
in which the CoM height remains constant and the ground-reaction force is approximated as steady,
allowing reliable ZMP inference from IMU-derived kinematic quantities without direct force sensors.
Most importantly, ZMP demonstrated a higher degree of responsiveness to dynamic conditions than
CoM, including walking and kicking, which suggests that it has the potential to serve as a more
dependable indicator for real-time balance detection. These findings confirm the physical feasibility
and computational robustness of IMU-based ZMP estimation, aligning with prior humanoid balance
studies. These findings also endorse the utilization of ZMP derived from IMU data as a principal
parameter for evaluating dynamic stability in humanoid robots. Future research should focus on
developing closed-loop balance control strategies that maintain the ZMP within the SP boundary,
enabling adaptive stabilization during complex or unpredictable motion scenarios.
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